Rainfall-induced landslide susceptibility assessment is currently considered an effective tool for landslide hazard assessment as well as for appropriate warning and forecasting. As part of the assessment procedure, a credible index weight matrix can strongly increase the rationality of the assessment result. This study proposed a novel weight-determining method by using random forests (RFs) to find a suitable weight. Random forest weights (RFWs) and eight indexes were used to construct an assessment model of the Dongjiang River basin based on fuzzy comprehensive evaluation. The results show that RF identified the elevation (EL) and slope angle (SL) as the two most important indexes, and soil erodibility factor (SEF) and shear resistance capacity (SRC) as the two least important indexes. The assessment accuracy of RFW can be as high as 79.71%, which is higher than the entropy weight (EW) of 63.77%. Two experiments were conducted by respectively removing the most dominant and the weakest indexes to examine the rationality and feasibility of RFW; both precision validation and contrastive analysis indicated the assessment results of RFW to be reasonable and satisfactory. The initial application of RF for weight determination shows significant potential and the use of RFW is therefore recommended. Key words | Dongjiang River basin, objective weight, rainfall-induced landslide, random forest, susceptibility assessment (EM-DAT ). Effective measures to prevent landslides are urgently required to reduce loss of life, property, and infrastructure. Landslide susceptibility assessment is one of the important steps for landslide risk analysis and has been widely applied to a variety of spatial scales due to its convenient application and compatibility with the geographical information systems (GIS) (Balteanu et al. ; Christian et al. ). The assessment requires evaluation of the possibility of a landslide occurring in certain areas based on multiple indexes such as precipitation, topography, morphology, lithology, and land-use type. Since landslide susceptibility assessment is a synthesis and involves several variables, multiplicity, complexity, uncertainty, and inaccuracy inevitably exists during the process, which is a worldwide multivariable 1363
INTRODUCTION
Rainfall-induced landslides are one of the most common geological hazards, occurring over a wide range of spatial and temporal scales in mountainous landscapes (McKean & Roering ) . Despite considerable efforts of hazard prevention and risk management, landslides continue to present an acute threat to life and property. It has been estimated that the worldwide damage of landslides that have occurred since the 20th century, have resulted in more than 62,000 deaths and a loss of at least US$9.7 billion evaluation problem (Jiang & . Fuzzy comprehensive evaluation (FCE) is a fuzzy mathematics method that is convenient for expressing and processing random, fuzzy, insufficient, or inexact data and other distribution information (Giachetti & Young a, b) , and has previously been applied to landslide susceptibility assessment (Yang et al. ) . However, deter- However, no study so far has focused on determining OW, utilizing RF in the field of landslide susceptibility assessment.
This knowledge gap constituted the motivation for this study.
Taking the Dongjiang River basin as a study case, the main objectives of this study were: (1) to demonstrate that RF is able to calculate a reasonable OW for landslide susceptibility assessment; and (2) to construct a landslide susceptibility assessment model of basin scale, using FCE based on random forest weight (RFW). This study presents a novel methodology for the calculation of OW, and provides additional scientific references for landslide hazard analysis and risk management in the study basin.
METHODOLOGY Fuzzy comprehensive evaluation
Dealing with the relationship between multiple indexes and susceptibility levels is a difficult aspect of susceptibility assessment as it involves the problems of multi-index and multilevel fuzzy synthetic evaluation (Jiang et al. ; Zhao et al. ; Lai et al. ) . FCE is one of the fuzzy mathematics methods which is widely used for risk evaluation due to its ability of expressing and processing multi-variable and multi-level data or information (Giachetti & 
where x i is the actual value of index variable u i . V i,j represents the grading standard of index variable u i and level v j and it is determined according to the actual situation.
The comprehensive membership can be computed as:
where W is the index weight vector and was calculated by the RF method in this study, and c 1 , c 2 , . . . , c n are the comprehensive membership degrees. Then, the final susceptibility for landslide can be computed according to the maximum membership degree law (Xue & Yang ) . In this study, the maximum comprehensive membership degree was selected as the representative value of the susceptibility level. Five levels were determined in this study, corresponding to very low, low, medium, high, and very high susceptibility levels, respectively. For example, if c 2 were the maximum among the five comprehensive memberships, the susceptibility level would be classified as low; if c 5 were the maximum, the susceptibility level would be classified as very high.
Random forest weight
In a RF, multiple samples are drawn using the resampling bootstrap method, and classification and regression trees ). The OOB error rate can be obtained by the following steps (Breiman ) . First, each case that was left out in the construction of the k th tree is put down the k th tree to get a classification; in this way, a test set classification can be obtained for each case for about one-third of the trees. Second, at the end of the run, j is the class that got most of the votes every time case n was OOB. Finally, the proportion of times when j is not equal to the true class of n averaged over all cases is the OOB error rate.
In RF, if there are M input variables, and a number m << M is specified so that at each node m variables are selected at random from M; then, the best split of these m is used to split the node. The Gini value is used to measure the purity of the node in RF, and the bigger the Gini value, the lower the purity. The minimum Gini value is the split standard of the node, and the corresponding variable is considered the optimal variable. The Gini value can be computed as:
where p(jjt) is the probability of class j at node t. Each time a node split is made on variable i, the Gini impurity criterion for both descendent nodes is less than that of the parent node, providing a Gini decrease after each split. Summing up the Gini decrease for each individual variable over all trees in the forest provides a fast variable importance that is often very consistent with the permutation importance measure (Breiman ) . Generally, the mean Gini decrease (MGD) for each individual variable over all trees in the forest is frequently used as an estimate regarding the importance of variables. Thus, this study proposes the RFW as:
where w i and D i are the ith variable weight and the MGD value, respectively. The RFW equation is therefore based on MGD without involving subjective factors. The RFW equation measures the importance of variables and is available to provide reasonable weights for the FCE.
Entropy weight
As a commonly used method of OW, EW is compared with RFW in this study. As a measure of disorder, the concept of entropy originates in thermodynamics and measures the heat energy that fails to generate work (Li et al. ) .
Entropy was first applied to information theory by Shannon () and became the method of measurement of order in a system. EW is based on the information entropy theory and reflects the useful information content, offered For the calculation of EW, a judgment matrix Y with m evaluation objects and n variables was constructed:
To eliminate the influence of variable dimension and numerical range, Y needs to be normalized to a standard matrix B so that:
where y ij is the actual value of the variable, and y min and y max are the minimum and maximum values, respectively.
Equation (9a) is available for the positive variable so that a large attribute value relates to a higher susceptibility level, while Equation (9b) is available for the negative variable so that a large attribute value relates to a lower susceptibility level. According to information theory, the variable's entropy value H i is calculated as:
and 0 H i 1. Then, the EW can be computed as:
The EW should meet the condition P n i¼1 w i ¼ 1 . Apparently, a smaller entropy value relates to a larger EW, indicating that the considered variable is more important.
STUDY AREA AND DATA

Study area
The The Dongjiang River basin is in a high-occurrence landslide disaster zone due to the high volume of precipitation, the soft soil, and adverse terrain (Lai et al. a, b) . Additionally, historical landslide events indicated that most of the landslides that had occurred in the study basin were induced by extreme rainfall, and consequently, eight indexes were finally selected to quantitatively represent regional characteristics. The eight indexes are as follows:
Examples
• Maximum 1-day precipitation (M1DP, mm): rainfall has a major influence as a landslide 'trigger' (Miller et al. ) .
M1DP was selected among the maximum 6 h, 12 h, 1-day, and 3-day precipitations, considering historical rainstorms that cause landslides in the basin. Thirty-four rainfall stations in the basin were used to calculate this index.
• Elevation (EL, m): the elevation of a geographic location denotes its height above or below a fixed reference point. 
Landslide dataset used in the analysis
This study aims to construct a landslide susceptibility assessment model, utilizing FCE based on RFW. According to the assessment flow chart (Figure 4) , a proper training and validation dataset had to be created prior to computing RFW.
A database of historical landslide sites was created during the study via field survey, air photo/satellite image interpretation, and literature and news research. Generally, only rainfall-induced landslides that occurred after extreme rainfalls were considered; landslides caused by artificial actions, including slope excavation, mine excavation, and reservoir construction were not taken into account in this study.
Data for a total of 208 landslide sites were collected during this study. From these 208 landslide sites, a random sample of two-thirds (139) was used to create a training dataset, and the remaining sites (69) were used as data for validation. In other words, the remaining 69 sites were used to validate the final assessment effect, i.e., the more landslides located in high and very susceptibility level zones, the better the assessment effect will be. This study used the classification function of RF, which required at least two categories to perform the calculation (Breiman A grading standard had to be set prior to performing the FCE method. However, there is currently no unified standard for index grading, implying that the standard is determined according to the specific and actual situation of the studied basin. As shown in Table 2 , critical values of the grading standard corresponding to five levels were Note: Cv presents the coefficient of variation measure of the degree of uneven spatial distribution. The larger the value, the larger the spatial difference.
M1DP, maximum 1-day precipitation; EL, elevation; SL, slope angle; DF, distance to fault; SEF, soil erodibility factor; SRC, shear resistance capacity; RC, runoff coefficient (RC); NDVI, normalized difference vegetation index. value of 16.16%, and the range of testing was 9.09%-18.18%
with an average rate of 13.82%. Both these error rates are considered acceptable since each fold error rate is below 20%, providing reliability and rationality for the next step.
Therefore, the number of classification trees was finally set to 3,500 for this study, considering accuracy and operation time.
Weight analysis
Five series of MGD were generated by the five-fold crossvalidation. Thereafter, RFW was calculated via average MGD based on Equation (7). As shown in Figure 6 and and sixth with percentages of 11.56%, 10.46%, and 6.40%, respectively. However, the indexes SEF and SRC were less consequential, with an average MGD of only 11.2% of the total.
According to Figure 3 quently has a larger weight than the SEF, which means that the NDVI has a larger contribution to the landslide susceptibility level than the SEF, but does not mean that the SEF is unimportant for the formation of a landslide.
The EW was calculated for comparison in this study.
With normalized values of the eight indexes, the 139 sites that classified as first category and identified as '1 0 were applied to calculating the EW; however, the 139 non-landslide sites that were classified as second category and identified as '0 0 did not add to the calculation and, consequently, the entropy method failed to differentiate the two sample categories (i.e., '1 0 and '0 0 ). both methods may be that the RFW is based on historical landslide sites that can provide effective and accurate information on landslide attributes and location. The RF is a machine-learning algorithm with strong data mining ability that is able to mine the internal laws between the indexes and the susceptibility categories that include the historical landslide information; then, the RFW is generated using MGD based on these internal laws. However, the EW is only determined by one category (mark '1 0 ) without considering available information on non-landslide sites (mark '0 0 ), thus fails to reflect the relationship between multiple indexes and susceptibility levels.
Landslide susceptibility analysis
The RFW, shown in Figure 7 , was used as the final weight.
The landslide susceptibility was calculated via Equation Figure 8(a) shows the verification sites randomly distributed across the basin, implying the rationality of these sites. Only the validation landslide sites located exactly in dangerous zones (high and very high susceptibility level zones) were selected to achieve estimating accuracy, meaning that the more sites in the dangerous zones, the higher the accuracy. Table 5 shows that the numbers of sites located in very high and high susceptibility level zones were 11 and 44, respectively, with a total of 55 sites located in dangerous zones.
However, the numbers of landslide sites in medium, low, and very low susceptibility level zones were only 7, 2, and 5, respectively, occupying 20.29% of the total.
A landslide susceptibility map based on EW (Table 4) was also created for comparison. Figure 8 zones were similar to those of RFW and were mainly located in the transition areas between the high and low susceptibility level zones. The spatial distribution between the landslide susceptibility maps varied considerably. This variation clearly results from large differences in the index weights. The 69 landslide sites were also utilized to validate the accuracy of EW. Table 5 shows a total of 44 sites that lie within dangerous zones with a percentage of approximately 63.77%, which is lower than the result for RFW. Figure 8 indicates that 14 sites (20.29%) that were located in the non-hazardous areas may partly be explained by data errors existing in the assessment system, including the indexes data error and validation data error. For The RFW is displayed as a percentage.
DISCUSSION
example, the NDVI and RC were interpreted and generated based on remote-sensing imagery; however, considerable uncertainty and subjectivity exist in the process, thus significantly decreasing index precision (Liu et al. ) .
Moreover, the locations of historical landslide events used in this analysis were not always exact because information of accurate locations of a few landslides was incomplete and uncertain, which may also decrease the validation precision. Nevertheless, the percentage of sites located in the dangerous zones reached 79.71%, which is Table 5 indicates that the accuracy reached 76.81% despite removing SEF and SRC, with a reduction of only 2.90%, suggesting that these two indexes are dispensable for the assessment system. However, the dangerous zones in Figure 9 (b) differ greatly from those of merely 30.43%, which is far lower than that of Figure 8( RF is an efficient and easy to operate learning machine and was used in this study to determine index weights. This is a novel approach for landslide susceptibility assessments. However, certain issues still remain. For example, the landslide susceptibility and index weights were assessed by the statistic method; however, they were not strongly involved in the formation mechanism, which may lead to difficulties to reflect the physical process of landslide. As far as the evaluation system is concerned, rainfall-induced landslide susceptibility was considered at basin scale and only eight indexes were selected to construct the index system. This neglects the influence of seismic factors, river degradation, and groundwater movement due to data restrictions. However, these factors also play an important role in the formation and development of landslides. A more comprehensive index system needs to be developed in future studies to account for these as well as for other missing factors. Also, the RFW of this study requires a large number of historical landslide sites. Increasing the number of sites would significantly improve the accuracy of the results. Merely 208 sites were used in this study due to data limitations. This study proved that, despite a few drawbacks, the application of RF to weight determination shows significant potential. Thus, RFW is highly recommended for landslide susceptibility assessments.
CONCLUSIONS
Landslide susceptibility assessment is an appropriate tool for analyzing and predicting the spatial distribution of rainfallinduced landslides. However, the determination of suitable index weights is a critical step that significantly influences the assessment results. To solve this problem, this study proposed a new weight determining method based on RF. Using the Dongjiang River basin for a case study, eight indexes were selected to construct a susceptibility index system.
Using OW computed via RF, the landslide susceptibility was evaluated by the FCE method. The study concludes that:
1. RF ranks EL and SL as the two most important of the eight indexes, occupying 46.31% of the total MGD. NDVI was regarded as the third most important index, with a percentage of 14.07%. M1DP, DF, and RC ranked fourth, fifth, and sixth with percentages of 11.56%, 10.46%, and 6.40%, respectively. The indexes SEF and SRC are less consequential, with an MGD of only 11.2% of the total.
2. The accuracy based on RFW reached up to 76.81%, while it only reached 66.67% based on EW. Both the precision validation and contrastive analysis demonstrated that the assessment results of RFW were more reasonable and satisfactory than those of EW. Generally, the landslide susceptibility situation in the Dongjiang River basin was quite significant. Therefore, preventative actions, including both engineering and non-engineering measures, should be conducted in the dangerous zones to predict and prevent landslides, and to reduce losses of capital and human life as much as possible.
3. Two experiments removed the two most important and the least important indexes, respectively, providing further evidence that the index weight calculated via RF was reasonable and feasible for landslide susceptibility assessment. The initial application of the RF to weight determination in this study showed significant potential despite a number of drawbacks. Accordingly, the index weight calculated via RF was more consistent with scientific principles and can therefore be recommended for use in this field.
